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Abstract To better understand the variability of precipitation, circulation, and cloud, we examine the
precipitation, vertical velocity, total cloud fraction, condensed water path, and ice water path from
observations and 13 Coupled Model Intercomparison Project 5 (CMIP5) models over 1988–2008. All variables
are averaged over wet areas and dry areas to investigate temporal variations of different variables over these
regions. We found that all models demonstrate similar temporal variations of precipitation as the
observational data from the Global Precipitation Climatology Project, with positive trend over wet areas
(6.22 ± 3.75 mm/mon/decade) and negative trend over dry areas (0.77 ± 0.54 mm/mon/decade). Positive
trends of vertical velocity, total cloud fraction, condensed water path, and ice water path are also found in the
observations and models over the wet areas. Observations also demonstrate decreasing trends of vertical
velocity, total clouds, condensed water path, and ice water path over the dry areas, which can be simulated
by most models with a few exceptions. The qualitatively consistent trends in these variables (i.e., vertical
velocity, cloud, liquid, and ice water contents) as revealed from the observations and CMIPS models provide a
clearer picture of the dynamics and physics behind the temporal variations of precipitation over
different areas.
1. Introduction
Observational [Adler et al., 2003; Gu et al., 2007; Adler et al., 2008; Li et al., 2011] and modeling studies [Allen
and Ingram, 2002; Held and Soden, 2006; Stephens and Ellis, 2008] suggest that the global precipitation exhi-
bits only a weak positive trend over the past two decades, but regional precipitation may exhibit much stron-
ger trends. In particular, previous studies [e.g., Chou and Neelin, 2004; Allan and Soden, 2007; Chou et al., 2009;
Li et al., 2011; Liu et al., 2012; Durack et al., 2012; Polson et al., 2013; Chou et al., 2013; Liu and Allan, 2013;
Trammell et al., 2015; Donat et al., 2016] suggest that the trend of precipitation is strongly positive over
wet areas and strongly negative over dry areas. Liu and Allan [2013] have explored variation of precipitation
over dry tropical land and noticed that simulation driven by the observed sea surface temperature can better
simulate variability over land. Greve et al. [2014] found that dry (wet) gets drier (wetter) behavior is oversim-
pliﬁed over land. They noticed that ~11% of global land exhibits wet (dry) gets wetter (dryer), while ~9.5%
global land area has the opposite pattern [Greve et al., 2014]. The regional precipitation variations are thought
to relate to the increasing of greenhouse gases [Allen and Ingram, 2002; Trammell et al., 2015], temperature
change [Liu and Allan, 2013; Donat et al., 2016], and the change of the difference between evaporation
and precipitation [Held and Soden, 2006].
Different parameters, such as temperature, circulation, anthropogenic forcing, solar forcing, and clouds, can
inﬂuence precipitation [Trenberth and Shea, 2005; Shindell et al., 2006; Adler et al., 2008; Allan and Soden, 2008;
Liu et al., 2009; Li et al., 2011; Bony et al., 2013; Su et al., 2014; Xie et al., 2015; Long et al., 2016]. By analyzing the
climate model outputs from the Coupled Model Intercomparison Project 5 (CMIP5), Hegerl et al. [2015]
noticed that global precipitation increases when there is more greenhouse gas forcing. Sun et al. [2012] found
that the largest changes in precipitation variance are over regions with the largest aerosol emissions. It is also
found that the anthropogenic forcing can inﬂuence precipitation over different regions [Zhang et al., 2007;
Trammell et al., 2015; Wang et al., 2015; Sarojini et al., 2016]. Marvel and Bonﬁls [2013] further suggested that
increasing temperature and variations in the atmospheric circulation are related to the changes in precipita-
tion. In addition to precipitation, cloud also demonstrates different trends at different regions [Norris et al.,
2016]. A recent study by Su et al. [2017] found that most CMIP5 climate models underestimate the decrease
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of tropical high cloud cover with increasing surface temperature and thus underestimate precipitation
increase per unit surface warming.
In this paper, we investigate variations of precipitation, vertical velocity, cloud fraction, condensed water
path, and ice water path over wet and dry areas to explore how well the models capture variations of differ-
ent variables. These analyses can help us examine whether the models can successfully simulate these varia-
tions and characterize the variability of precipitation, circulation, and clouds at different regions. In addition,
our analyses of these important variables related to the precipitation can help us better understand the
dynamics and physics behind the temporal variations of precipitation over different regions.
2. Data and Models
The observational precipitation data used to compare and verify the accuracy of the models are from Global
Precipitation Climatology Project (GPCP) [Huffman et al., 1997]. GPCP version 2.2 precipitation data are
derived from different satellites and gauge measurements [Huffman et al., 2012]. The spatial resolution of
GPCP version 2.2 precipitation is 2.5° × 2.5° (latitude by longitude). GPCP data are more reliable from 1988
to 2008, when it overlaps with Special Sensor Microwave Imager data [Allan et al., 2010]. Uncertainty of the
GPCP precipitation product is estimated at ~15% [Huffman et al., 1997]. A total of 500 hPa vertical velocity
data from National Centers for Environmental Prediction 2 (NCEP2) Reanalysis [Kistler et al., 2001] are also
used to explore the circulation over wet and dry areas. The spatial resolution of NCEP2 vertical velocity is
2.5° × 2.5° (latitude by longitude). Total cloud fraction from the International Satellite Cloud Climatology
Project (ISCCP) [Norris et al., 2016] is used to explore total cloud fraction over wet and dry areas. Variability
related to satellite orbits and calibration is removed from ISCCP total cloud fraction [Norris et al., 2016]. The
spatial resolution of ISCCP total cloud fraction is 2.5° × 2.5° (latitude by longitude). Condensed water path
and ice water path from the European Center for Medium-Range Weather Forecasts (ECMWF) [Delanoe
et al., 2011] will be used to explore liquid water and ice contents in clouds over wet and dry areas. The spatial
resolution of ECMWF condensed water path and ice water path is 0.75° × 0.75° (latitude by longitude).
Precipitation, vertical velocity, cloud fractions, condensed water path, and ice water path from Atmosphere-
Ocean Coupled Model Intercomparison Project 5 (CMIP5) [Taylor et al., 2012] model simulations are used in
the paper. Observed sea surface temperature is used in the Atmospheric Model Intercomparison Project
(AMIP)-type CMIP5 model simulations to drive the models [Taylor et al., 2012]. There are total 13 models used
in this study, including Community Atmosphere Model 5 (CAM5), Canadian Centre for Climate Modelling and
Analysis (CCCMA), Centre National de Recherches Météorologiques (CNRM), Commonwealth Scientiﬁc and
Industrial Research Organisation (CSIRO), Geophysical Fluid Dynamics Laboratory (GFDL), Goddard Institute
for Space Studies (GISS), Institute for Numerical Mathematics (INM), Institut Pierre-Simon Laplace (IPSL),
Model for Interdisciplinary Research on Climate (MIROC), UK Met Ofﬁce Hadley Climate Center (MOHC),
Max-Planck-Institut (MPI), Meteorological Research Institute (MRI), and National Climate Centre (NCC).
Validations of cloud and precipitation related ﬁelds in these models have been reported by many recent stu-
dies [e.g., Dolinar et al., 2014; Jiang et al., 2012; Jiang et al., 2015; Stanﬁeld et al., 2016; Su et al., 2013; Zhai et al.,
2015]. Since most of these models’ AMIP-type simulations ended in 2008, we focus on the variations of dif-
ferent variables from both observation and model simulations from January 1988 to December 2008.
3. Methodology
To calculate variations of precipitation, vertical velocity, cloud, condensed water path, and ice water path
over wet areas and dry areas, we ﬁrst calculate the precipitation climatology over 1988–2008. Monthly mean
precipiation is used in this paper. Precipitation amount in each month is estimated with a units of mm/mon.
The wet and dry areas are deﬁned as the areas with climatological monthly mean precipitation larger than
200 mm/mon and less than 50 mm/mon, respectively [see Figure 1 in Trammell et al., 2015]. A total of
200 mm/mon and 50 mm/mon are chosen as thresholds for wet and dry areas, so wet areas represent high
precipitation areas over Intertropical Convergence Zone (ITCZ) and dry areas cover low precipitation areas in
the subtropics and midlatitudes [Trammell et al., 2015; Stanﬁeld et al., 2016]. Since the position of ITCZ
changes as a function of months, we also conduct analyses to let wet and dry areas change positions follow-
ing the ITCZ, which demonstrate similar results as the climatological wet and dry areas.
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A multiple regression method is applied to all time series to remove El Niño–Southern Oscillation (ENSO)
signals from the time series [Li et al., 2011; Trammell et al., 2015]. First, the time series are regressed on
Legendre polynomials, annual cycle, semiannual cycle, and Niño 3.4 index [Li et al., 2011]. The ﬁrst, second,
and third Legendre polynomials are used to represent the trend in the data sets. Niño 3.4 index is utilized
to estimate ENSO signal in the time series. Then, the ENSO signal is subtracted from the time series.
Finally, a low-pass ﬁlter is applied to all time series to remove signals with periods less than 3 years [Jiang
et al., 2004].
4. Results
The spatial patterns of the observed climatological GPCP V2.2 precipitation and CMIP5 model precipitations
for 1988–2008 are shown in Figure 1. As shown in Figure 1, high precipitation is overlapped with the ITCZ
area, while low precipitation is over subtropical region. We apply 200 mm/mon and 50 mm/mon thresholds
to individual model to identify wet and dry areas, so the wet/dry areas in different models are slightly differ-
ent. Precipitation is averaged over the climatological wet areas (P> 200mm/mon) and dry areas (P< 50mm/
mon) within 60°S–60°N. The results are shown in Figures 2a and 2c. GPCP precipitation is plotted as blue solid
lines in Figures 2a and 2c. The anomaly around 1998 over both dry and wet regions is likely related to the
Paciﬁc decadal variability, as discussed by Gu and Adler [2013]. From the temporal variation of GPCP precipi-
tation (blue solid lines), it is evident that the areas already receiving high precipitation tend to receive more
with a trend of 9.09 ± 4.69 mm/mon/decade, while the areas already receiving little precipitation tend to
Figure 1. Spatial patterns of mean precipitation from GPCP and CMIP5 models for 1988–2008 over 60°S–60°N. Units are mm/mon.
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Figure 2. (a) Temporal variations of precipitation over wet areas (P> 200 mm/mon) between 60°N and 60°S. The color dashed lines represent results from 13 CMIP5
models. The red solid line represents the averaged precipitation from all model simulations. The blue solid line represents result from GPCP. (b) Trends and uncer-
tainties for precipitation over wet areas from CMIP5 models and GPCP. (c and d) The same as Figures 2a and 2b except for dry areas (P < 50 mm/mon).
Figure 3. (a) Temporal variations of 500 hPa vertical velocity over wet areas (P> 200mm/mon) between 60°N and 60°S. The color dashed lines represent results from
13 CMIP5 models. The red solid line represents the averaged vertical velocity from all model simulations. The blue solid line represents result from NCEP2 Reanalysis.
(b) Trends and uncertainties for 500 hPa vertical velocity over wet areas from CMIP5 models and NCEP2. (c and d) The same as Figures 3a and 3b except for dry areas
(P < 50 mm/mon).
Earth and Space Science 10.1002/2017EA000319
KAO ET AL. PRECIPITATION, CIRCULATION, AND CLOUD 600
receive less with a trend of 0.86 ± 0.77 mm/mon/decade. The least squares ﬁtting is used to estimate
the linear trends and uncertainties [Bevington and Robinson, 2003; Li et al., 2011]. The standard error of the








, where σ is the standard deviation of the
data, N1 is the degrees of freedom of the data, N2 is the length of the data set, and xi is the time series
[Bevington and Robinson, 2003; Li et al., 2011]. Precipitations from CMIP5 models calculated over wet and
dry areas are plotted as color dashed lines in Figures 2a and 2c. All models are able to capture similar
temporal variations of precipitation as that from the GPCP precipitation over wet areas and dry areas. As
shown in Figure 2b, all models capture positive trends of precipitation over wet areas with a range from
2.9 mm/mon/decade to 11.4 mm/mon/decade. The trend of multimodel mean precipitation over wet
areas is 6.22 ± 3.75 mm/mon/decade, which is smaller than the GPCP precipiation trend (9.09 ± 4.69 mm/
mon/decade). All models also capture the negative trends of precipitation over dry areas with a range
from 1.33 mm/mon/decade to 0.19 mm/mon/decade as shown in Figure 2d. The trend of multimodel
mean precipitation over dry areas is 0.77 ± 0.54 mm/mon/decade, which is weaker than the GPCP
precipitation trend (0.86 ± 0.77 mm/mon/decade). This suggests that the models are able to capture the
precipitation variations with consistent sign but variable magnitudes.
To explain the trends of precipitation, we examine the 500 hPa vertical velocity from NCEP2 and CMIP5 mod-
els over wet and dry areas. Results are shown in Figure 3. Corresponding trends in NCEP2 500 hPa vertical
velocity for the wet areas are 0.68 ± 0.18 mm/s/decade and 0.14 ± 0.04 mm/s/decade for the dry areas.
The positive trend of vertical velocity over wet areas suggests that the vertical velocity is increasing over
wet areas and can lead to increased precipitation. As shown in Figure 3c, NCEP2 500 hPa vertical velocity
is negative over dry areas, which suggest that sinking air dominates over dry areas. Negative trend of
NCEP2 vertical velocity means that the sinking air is strengthening over dry areas, which will lead to the
decreased precipitation over dry areas as shown in Figure 2c. Trends of the 500 hPa vertical velocity from
CMIP5 models are positive for all models over the wet area. The trend of multimodel mean vertical velocity
over wet areas is 0.14 ± 0.11 mm/s/decade, which is weaker than that from NCEP2. Trends of 500 hPa vertical
Figure 4. (a) Temporal variations of total cloud fraction over wet areas (P > 200 mm/mon) between 60°N and 60°S. The color dashed lines represent results from
13 CMIP5 models. The red solid line represents the averaged total cloud fraction from all model simulations. The blue solid line represents result from ISCCP
total cloud coverage. (b) Trends and uncertainties of total cloud fraction over wet areas from CMIP5 models and ISCCP. (c and d) The same as Figures 4a and 4b
except for dry areas (P < 50 mm/mon).
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velocities are negative for most models over the dry areas, as demonstrated in Figure 3d. The trend of
multimodel mean vertical velocity over dry areas is 0.016 ± 0.015 mm/s/decade, which is also weaker
than that from NCEP2 vertical velocity over the dry areas.
Cloud physics also plays important roles in precipitation, so we also explore cloud variations over wet areas
and dry areas. Here the total cloud fraction, low cloud fraction, middle cloud fraction, high cloud fraction, con-
densed water path, and ice water path are investigated to see how the models are performing in simulating
variations of clouds over the wet and dry regions. Figure 4a demonstrates the temporal variations of total
cloud fraction from the ISCCP and CMIP5 models from 1988 to 2008. Trends for total cloud fraction over
wet areas are shown in Figure 4b. ISCCP total cloud fraction demonstrates weak positive trend of
0.14 ± 0.1%/decade over wet areas. All models have an increasing tendency of total cloud fraction over
the wet areas with a range from 0.14%/decade to 0.90%/decade. The trend of multimodel mean total cloud
fraction over wet areas is 0.49 ± 0.32%/decade. The positive trends in clouds are related to the enhanced ver-
tical velocity, which further lead to increasing precipitation over wet areas. When Norris et al. [2016] correct
the raw ISCCP data, they remove global mean cloud variability from the data set. Since it is hard to separate
trend from natural variability, we need be careful when we compare the model total cloud fraction results
with the ISCCP. Figure 4c shows the total cloud fraction in dry areas. ISCCP total cloud fraction exhibits a weak
negative trend of 0.2 ± 0.21%/decade over dry areas. The trend of multimodel mean total cloud fraction
over dry areas is0.20 ± 0.07%/decade. Most of the models show decreasing tendency of total cloud fraction
in dry areas. Only the NCC model suggests an increasing total cloud fraction over dry areas. A possible expla-
nation of total cloud fraction signals showing greater intermodel variability over the dry areas is the fact that
there are very few clouds present in dry areas. In addition to the total cloud fraction, we also explore the var-
iations of low cloud fraction, middle cloud fraction, and high cloud fraction from different models. Results are
shown in Figures S1–S3 in the supporting information. As shown in Figures S1–S3, most models capture the
positive trends of clouds at low, middle, and high altitudes over wet areas and negative trends of low, middle,
and high clouds over dry areas.
Figure 5. (a) Temporal variations of condensed water path over wet areas (P> 200 mm/mon) between 60°N and 60°S. The color dashed lines represent results from
13 CMIP5 models. The red solid line represents the averaged condensed water path from all model simulations. The blue solid line represents result from ECMWF.
(b) Trends and uncertainties of condensed water path over wet areas from CMIP5 models and ECMWF. (c and d) The same as Figures 5c and 5b except for dry
areas (P < 50 mm/mon).
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In addition to the cloud fractions, ice and liquid contents in the clouds are also explored in the wet and dry
areas. Figure 5 shows the temporal variations of condensed water path at wet and dry areas over the past two
decades. Condensed water path is deﬁned as the mass of condensed liquid and ice water in the column,
divided by the area of the column. Trends of ECMWF condensed water path for the wet areas are
13.7 ± 2.7 g/m2/decade and0.8 ± 0.4 g/m2/decade for the dry areas. The positive trend of condensed water
path over wet areas suggests that the condensed water path is increasing over wet areas, which will lead to
increased precipitation over wet areas. As shown in Figure 5c, the trend of ECMWF condensed water path is
negative over dry areas, which is related to the decreased precipitation over dry areas. All of the models
demonstrate consistent increasing tendency of condensed water path over the wet regions, although the
trends of model condensed water path are smaller than that of ECMWF condensed water path. The trend
of multimodel mean condensed water path over wet areas is 3.5 ± 1.8 g/m2/decade, which is smaller than
the trend of ECMWF condensed water path. Not all models simulated decreasing trends of liquid and ice con-
tents in the dry regions. The trend of multimodel mean condensed water path over dry areas is0.4 ± 0.2 g/
m2/decade, which is weaker than that of ECMWF condensed water path. CAM5 and GFDL suggest increasing
trends of liquid and ice content in the dry regions with some other models having no signiﬁcant trends over
the dry areas.
The ice crystal growth is important in developing precipitation [Harper, 2007], so the ice water paths are also
investigated. Ice water path is deﬁned as the mass of ice water in the column divided by the area of a column.
Figure 6a shows the ice water path averaged over wet areas from 1988 to 2008. As shown in Figure 6b,
ECMWF data and all models show a small increase in ice content in the cloud over wet areas. The trend of
multimodel mean ice water path over wet areas is 1.5 ± 1.0 g/m2/decade, which is smaller than the trend
of ECMWF ice water path (3.1 ± 0.7 g/m2/decade) for wet areas. GISS and GFDL models indicate much larger
trends of ice contents than other CMIP5 models over wet areas. There are possibilities of increasing the
amount of convective clouds, which tend to contain higher ice contents, as they can grow higher up in
the atmosphere. The rest of the models have very weak positive trends of ice contents over wet areas.
Figure 6d shows the trends of ice contents over dry areas from ECMWF and all models. The trend of
Figure 6. (a) Temporal variations of ice water path over wet areas (P> 200mm/mon) between 60°N and 60°S. The color dashed lines represent results from 13 CMIP5
models. The red solid line represents the averaged ice water path from all model simulations. The blue solid line represents result from ECMWF. (b) Trends and
uncertainties of ice water path over wet areas from CMIP5 models and ECMWF. (c and d) The same as Figures 6a and 6b except for dry areas (P < 50 mm/mon).
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ECMWF ice water path is 0.3 ± 0.1 g/m2/decade for the dry areas. Most models suggest negative trends of
ice water contents over dry areas, except the GFDL model. The trend of the multimodel mean ice water path
over dry areas is 0.3 ± 0.1 g/m2/decade, which is comparable to that from ECMWF ice water path. Since
there are very few clouds present in the dry areas to begin with, the ice water path are very hard to simulate
and show large intermodel variability.
Our analyses of vertical velocity, cloud fractions, condensed water path, and ice water path from CMIP5
model simulations provide a clearer picture of the dynamics and physics behind the temporal variation of
precipitation over wet and dry areas. Over the wet areas, the positive trends of vertical velocity suggest
the strengthening of the rising motion, which can further improve the cloud formation. With the increasing
cloud fraction, the ice and liquid water contents in clouds increase. The increasing liquid/ice water contents
quicken some important microphysical processes in developing precipitation (e.g., collision, coalescence, and
aggregation) [Salby, 2012]. On the other hand, the weakening vertical motion in the dry areas does not favor
the cloud formation, so that the related precipitation-developing mechanisms are suppressed. Therefore, the
precipitation decreases over the dry areas.
5. Conclusion
Temporal variations of precipitation, vertical velocity, total cloud fraction, low cloud fraction, middle cloud
fraction, high cloud fraction, condensed water path, and ice water path are explored over wet and dry areas
from 1988 to 2008. CMIP5 models capture similar precipitation trends over wet and dry areas as those from
GPCP precipitation estimates. To investigate possible reasons for temporal variations of precipitation, we
examine 500 hPa vertical velocity over wet and dry areas. Most CMIP5 models capture positive trends of ver-
tical velocity over wet areas and negative trends of vertical velocities over dry areas, although themagnitudes
are weaker than that from NCEP2 vertical velocity. Total cloud fractions have increased over the wet areas for
all CMIP5 models and ISCCP data. The increasing vertical velocity over the wet areas leads to more cloud cov-
erage over wet areas, which can produce more precipitation over wet areas. Although it is very hard to simu-
late cloud patterns in the dry areas due to very few clouds present over the region, most of the models
simulate slight decreasing trend of total clouds over the dry areas.
Most of the models also perform well in capturing variations of condensed water path and ice water path,
although the magnitudes of trends of condensed water path and ice water path from CMIP5 are smaller than
those from ECMWF. Liquid and ice contents demonstrate increasing trend over the wet areas and decreasing
trends over the dry areas. GFDL is an exception in showing increasing ice content over both wet and dry
regions and larger increasing trend than any other models over the wet areas. The overall model perfor-
mances are reasonable in capturing the cloud variations over wet and dry regions. The results obtained from
this study can help better characterize the variability of precipitation, vertical velocity, clouds, liquid, and ice
water contents over wet areas and dry areas, which are important for a better simulation of the precipitation
and to understand the long-term variations of these variables.
The analyses of numerical simulations from the CMIP5 models reveal qualitatively consistent trends in some
of these variables (e.g., vertical velocity, clouds, liquid, and ice water contents) related to precipitation. These
consistent trends provide a better picture of the dynamics and physics related to the temporal variations of
precipitation, in which the vertical motions affect the cloud formation and the liquid/ice contents, which
further inﬂuence the developing mechanisms of precipitation.
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